Abstract: This paper proposes an extended data envelopment analysis (DEA) model for deriving eco-efficiency. In order to derive eco-efficiency, the proposed model utilizes the concepts of operational efficiency and environmental efficiency. Since DEA can separately measure operational efficiency and environmental efficiency, the treatment for constructing the unified indicator is required to ultimately evaluate eco-efficiency through balancing operational and environmental concerns. To achieve this goal, we define the environmental stringency as the business condition reflecting the degree of enforcing environmental regulations across the firms or particular industries in different countries. The proposed model provides flexibility, as required by the pollution-intensity of industry, in that it allows the decision maker to evaluate DMU's (decision-making unit) eco-efficiency appropriately depending on the business environment. We present a case of agricultural production systems to help readers understand what eco-efficiency becomes when we vary the stringency conditions. Through the illustrative example, this paper presents the potential application by which different environmental stringencies can successively be incorporated in DEA.
Introduction
Recently, sustainability has become an undoubtedly critical issue, and many researchers involved in environment studies have been paying serious attention to the challenging topic in order to achieve both economic and environmental goals. Since the concept of eco-efficiency was first proposed by Schaltegger and Sturm [1] , a number of researchers as well as organizations suggested their own definitions and also tried to link business with environmental issues, ultimately for sustainability. For example, according to the World Business Council for Sustainable Development, eco-efficiency is achieved by "the delivery of competitively priced goods and services that satisfy human needs and bring quality of life, while progressively reducing ecological impacts and resource intensity throughout the life cycle, to a level at least in line with the earth's carrying capacity" [2] . Although the definitions are slightly different, in essence they have the common core that eco-efficiency means to "efficiently produce with less pollutants and energy". Obviously, it is worth noting that the major concern of measuring eco-efficiency is on how to improve economic performance while diminishing environmental damages. So, currently, eco-efficiency is of high concern in many business areas.
Data envelopment analysis (DEA), first proposed by [3] , is an effective tool in evaluating the efficiencies of a set of decision-making units (DMUs), which use multiple inputs to produce multiple outputs. DEA does not require the parametric specifications of a particular function and it also does not require the predetermined weights to be attached to each input and output. Since the original model was carried out, many researchers have contributed to the refinement and extension of DEA for the various fields of their interests. Traditional DEA models allow the users to evaluate the economic performance of individual DMUs, depending on a profitability perspective. However, because addressing the environmental performance of organizations has become one of the important issues, it is necessary to extend the present DEA techniques or develop new DEA techniques that take into account environmental impacts on the performance evaluation.
Over the past two decades, the efforts for environmental application using DEA have increased considerably (e.g., [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] ). In general, the efficiency is derived from a fractional formulation that either minimizes inputs while holding outputs constant or maximizes outputs while holding inputs constant. Also, there are other approaches for maximizing outputs and minimizing inputs simultaneously. Under these optimization schemes, the result of DEA is directly affected by clearly defined input and output variables. Therefore, the inputs and outputs should be selected for a particular problem context. However, in the production process, traditional DEA models cannot provide accurate results if there are important variables that have a negative effect on the environment. Such environmentally detrimental factors can be considered undesirable outputs, which are often produced along with desirable outputs and are expected to be minimized. As Färe et al. [23] pointed out, the performances of DMUs turn out to be very sensitive to whether or not undesirable outputs are included. There are DEA studies that tried to incorporate undesirable outputs. For example, Färe and Grosskopf [24] , Seiford and Zhu [25] , and Liu et al. [26] clarified the issue of efficiency evaluation of undesirable outputs and provided the mathematical models to solve it.
Usually, the performance measure incorporating both desirable and undesirable outputs is used as a form of environmental efficiency in environment studies. Since DEA can separately measure the operational (technical) and environmental efficiency, the treatment for constructing the unified measure is required to ultimately evaluate eco-efficiency through balancing operational and environmental concerns. Among the aforementioned environmental studies, Korhonen and Luptacik [6] , Zhang et al. [20] , and Mahdiloo et al. [8] provided the DEA-based eco-efficiency models considering environmental variables by setting them to undesirable outputs. To derive eco-efficiency, they used an environmental efficiency (ecological efficiency) measure as the ratio of undesirable outputs to desirable outputs and combined it with traditional operational efficiency, defined as the ratio of desirable outputs to inputs. That is, the undesirable outputs behave like inputs for environmental efficiency calculation. Mahdiloo et al. [8] criticized the so-called three-step methods, suggested by [6, 20] , in that the combination of operational and environmental efficiency does not provide a valid eco-efficiency score. Furthermore, Mahdiloo et al. [8] suggested multiple objective linear programming (MOLP) to incorporate technical and environmental efficiency so as to reduce the computational burden resulting from the three-step methods. The MOLP model recognizes DMUs as being eco-efficient if and only if they are both operationally and environmentally efficient, while the former models identify them if a DMU is either operationally or environmentally efficient.
In this research, a modified DEA model is suggested for taking into account the environment-related factors. Along this line of research, this study attempts to determine eco-efficiency on the basis of the operational and environmental aspects without directly unifying both operational and environmental efficiency. In order to reflect environmental concern across business situations, we propose a new model with parametric constraints that represent the situational context of environmental concern. As pointed out by [6] , studies on the impact of environmental policy on the efficiency measure across the firms or particular industries in different countries are required. Our research aimed at addressing this challenge.
To show applicability, agricultural production systems are illustrated by a new model suggested in this research. That is, we apply the modified DEA model to soybean data gathered from 94 farms in Iran. Recently, many agricultural applications have been examined to derive eco-efficiency using DEA methodology, focusing on regional specific evaluation (China [27] , Canada [28] , Iran [29] , Japan [30] , Spain [31] ). In addition, other applications for eco-efficiency are employed for the evaluation of factories [4, 9, 15, 19] , power plants [6, 10, 14, 18, 32] , supplier selection [8] , regions and cities [7, 12, 13, 16, 17, 21] , and transportation [33] . Particularly, unlike previous studies, we present a generalized way to evaluate any condition with regard to the different levels of environmental pressures or environmental concerns.
The remainder of this paper is organized as follows. In Section 2, DEA formulations of operational and environmental efficiency are introduced with input decomposition. Also, the proposed model for eco-efficiency is presented. In Section 3, we illustrate the proposed method using soybean data collected from 94 farms in Iran. Finally, conclusions are given in Section 4.
Proposed Method
The conceptual DEA framework of eco-efficiency evaluation for sustainability is depicted in Figure 1 . factories [4, 9, 15, 19] , power plants [6, 10, 14, 18, 32] , supplier selection [8] , regions and cities [7, 12, 13, 16, 17, 21] , and transportation [33] . Particularly, unlike previous studies, we present a generalized way to evaluate any condition with regard to the different levels of environmental pressures or environmental concerns. The remainder of this paper is organized as follows. In Section 2, DEA formulations of operational and environmental efficiency are introduced with input decomposition. Also, the proposed model for eco-efficiency is presented. In Section 3, we illustrate the proposed method using soybean data collected from 94 farms in Iran. Finally, conclusions are given in Section 4.
The conceptual DEA framework of eco-efficiency evaluation for sustainability is depicted in Figure 1 . Donsistent with previous studies [6, 20] , the underlying eco-efficiency of the proposed model is based on the idea that undesirable outputs can be treated as inputs in a fractional form for efficiency calculation.
Input Decomposition
As a preliminary work, we decompose inputs in the proposed DEA model into two types, which are operational inputs and environmental inputs. Operational inputs consist of labor, machinery, resources, energy, etc. In some DEA studies, energy has evolved as an important measurement, and it has been widely investigated not only as an energy efficiency measurement [34] [35] [36] but also as an input variable [8, 20] . Since our study is not limited to the efficient use of energy, the proposed model considers it as an input variable along with traditional inputs such as labor, machinery, and resources. It is reasonable to consider the energy (e.g., electricity, gasoline, diesel, natural gas, and so on) as an input because it is a key and basic resource in most production processes. Environmental inputs are defined as undesirable outputs, e.g., emission of CO2, SO2, or NO, which are generated from the entire production process. In this study, the life cycle inventory (LCI) information, which describes all the resources used and all the emissions released into the environment connected with the production process, is employed to determine environmental inputs more specifically.
Operational Efficiency
In general, the operational efficiency accounts for the capability of an organization that produces products or services in a cost-effective manner while ensuring the quality. Typically, it is defined as the ratio of the outputs to the inputs in a system. Thus, we define operational efficiency as the ratio of desirable outputs to operational inputs. Consistent with previous studies [6, 20] , the underlying eco-efficiency of the proposed model is based on the idea that undesirable outputs can be treated as inputs in a fractional form for efficiency calculation.
Input Decomposition
As a preliminary work, we decompose inputs in the proposed DEA model into two types, which are operational inputs and environmental inputs. Operational inputs consist of labor, machinery, resources, energy, etc. In some DEA studies, energy has evolved as an important measurement, and it has been widely investigated not only as an energy efficiency measurement [34] [35] [36] but also as an input variable [8, 20] . Since our study is not limited to the efficient use of energy, the proposed model considers it as an input variable along with traditional inputs such as labor, machinery, and resources. It is reasonable to consider the energy (e.g., electricity, gasoline, diesel, natural gas, and so on) as an input because it is a key and basic resource in most production processes. Environmental inputs are defined as undesirable outputs, e.g., emission of CO 2 , SO 2 , or NO, which are generated from the entire production process. In this study, the life cycle inventory (LCI) information, which describes all the resources used and all the emissions released into the environment connected with the production process, is employed to determine environmental inputs more specifically.
Operational Efficiency
In general, the operational efficiency accounts for the capability of an organization that produces products or services in a cost-effective manner while ensuring the quality. Typically, it is defined as the ratio of the outputs to the inputs in a system. Thus, we define operational efficiency as the ratio of desirable outputs to operational inputs.
The traditional DEA model is the basis for developing a new model for eco-efficiency. This model implicitly assumes that all DMUs operate a constant returns to scale (CRS) transformation of the inputs into outputs. We adopt a CRS assumption in this study. When there are m operational inputs x ij (i = 1, 2, . . . , m) and s outputs y rj (r = 1, 2, . . . , s) for each DMU j (j = 1, 2, . . . , n), the operational efficiency of a particular DMU o can be formulated as the following fractional programming model:
where v i and u r are unknown non-negative weights for operational inputs and outputs, respectively. Also, Model (1) can be transformed into a linear model through the Charnes-Cooper transformation [37] :
If the optimal value of the objective function in Model (2) equals to one, then it can be said of the specific DMU o that it is on the efficient frontier.
Environmental Efficiency
Compared to operational efficiency, environmental efficiency explains how efficiently produced the outputs are relative to the environmental inputs, as defined above. Thus, environmental efficiency is calculated as the ratio of outputs to environmental inputs. Assume there are p environmental inputs z kj (k = 1, 2, . . . , p) for each DMU j (j = 1, 2, . . . , n), the environmental efficiency of a particular DMU o can be formulated as follows:
Model (3) also can be transformed to a linear model using the Charnes-Cooper transformation as follows: max
A Model for Eco-Efficiency
At this stage, we proposed a more concrete DEA method for eco-efficiency using both operational and environmental efficiency simultaneously. If there are m operational inputs and p environmental inputs, the total weighted sum of the inputs to a DMU j can be calculated as
Thus, eco-efficiency incorporating operational and environmental impacts on the process performance could be expressed as the ratio of the weighted sum of outputs to the weighted sum of total inputs. Accordingly, the eco-efficiency of a particular DMU o is formulated as follows:
In Model (5), the parameter δ reflects environmental regulation in a particular production problem. That is, in order for the decision maker to respond appropriately to a given situation, the parameter plays an adjusting role toward operational or environmental orientation. Specifically, the smaller δ explains the situation that focuses more on the operational excellence, while the larger δ implies the higher environment pressure that exists in the industry. Thus, we call this parameter δ the degree of environmental stringency that explains environmental sensitivity. Also, this model is a generalized version of [6, 20] because the two models lead to identical outcomes to the proposed model if δ = 1. This parameter illustrates the relative importance between operational and environmental inputs and is specified by the decision maker. By assigning the approporiate value to δ, the evaluation method for eco-efficiency can be flexibly applied to a variety of business situations with regard to the different levels of environmental pressures or environmental concerns. Using the Charnes-Cooper transformation with an additional constraint, this fractional programming Model (5) can be represented by the following linear programming model:
We refer to this linear Model (6) as the base model in this study. To reflect the relative importance between a set of operational inputs and a set of environmental inputs, the base model can be modified by using adjustment parameter δ. If δ is larger than 1, the following constraint should be added to the base Model (6):
Constraint (7) implies the business condition that a set of environmental inputs is δ times more important than a set of operational inputs for any DMU. For example, if δ = 2, the constraint ensures that all DMUs will be assessed by satisfying 2∑
w k z kj , meaning that a set of environmental inputs is at least two times more important than a set of operational inputs. In a similar manner, if δ is less than 1, the following constraint should be added to Model (6):
The balanced condition can be formulated by assigning δ equal to 1. In addition, as described above, if δ equals 1, the following equality condition should be included:
By adding Constraint (7) or (8) or (9) to base Model (6), the pollution-intensity of an industry can successively be taken into account. Therefore, we call these constraints environmental stringency constraints.
Even though Model (5), when the value of δ equals to 1, is identical to the models of [6, 20] , the enhanced Model (6) with Constraint (9) is distinguished. Constraint (9) restricts the weights by satisfying the weighted sum of the operational inputs as equal to the weighted sum of the environmental inputs for all DMUs, while the earlier two models permit the most favorable weights to be chosen freely in the usual DEA manner. Namely, Constraint (9) explains a business environment that takes into account the equal importance of operational and environmental concerns for eco-efficiency evaluation. However, by adding Constraint (9), the programs may often become infeasible because it strictly restricts the decision space. Furthermore, it is difficult and unrealistic to extract an explicit recognition of a business environment that represents the exactly equal importance between operational and environmental concerns. To avoid infeasibility and unreality, the use of Constraints (7) and (8) is recommended. Through the non-strict inequality in Constraints (7) and (8), the results from the two independent models can be compared and analyzed in the situation in which the equal importance between operational and environmental aspects is elicited by the decision maker.
This restriction looks similar to a traditional restriction called Type II Assurance Region (ARII), which represents the relationships between input weights and output weights. However, the restriction suggested in this research is different in that it is imposed on a group of input variables while ARII imposes it on each single input. In other words, this restriction does not control the weights on all input variables directly but allows the most favorable weights to be chosen within a narrower condition. In addition, the use of such constraints can increase the discriminatory power of DEA because discriminatory power may be decreased if large numbers of inputs and outputs are involved relative to the number of DMUs [38] . As noted in [39] , weight restrictions may be useful if one wishes to reduce the number of efficient DMUs. It may be especially helpful in environment studies where a large number of variables are extracted from the LCI data.
Illustrated Example
In this section, the proposed method is applied to agricultural production systems. The agricultural production system is suitable for applying the proposed approach since it consumes traditionally used inputs in typical production processes such as labor and machinery, as well as environment-related inputs such as chemicals and fertilizers. In addition, undesirable outputs are produced with desirable outputs. We adopted the LCI data presented by [29] for soybean farming evaluation. The inputs and outputs are selected from life cycle impact assessment, but the efficiency measure does not clearly identify the operational efficiency and environmental efficiency since they do not differentiate environmental inputs from operational inputs. The former study considered environment-related variables as aggregated measures such as chemicals and fertilizers. These variables were incorporated as inputs in the DEA model with other input measures of labor, machinery, diesel, water, electricity, farmyard manure (FYM), seeds, and the output of soybeans. However, the LCI data provides the original sources of chemicals and fertilizers. Specifically, the components of the chemicals are herbicides, insecticides, and K 2 O, and the components of the fertilizers are urea and P 2 O 5 . Emissions of CH 4 and N 2 O are also selected in the LCI data, but these are not directly considered variables in DEA. In this problem, a redefined input-output setting is summarized in the following Table 1 . To illustrate an application of the proposed eco-efficiency DEA model, the modified dataset of soybean farming is presented in Table 2 . The data presented herein is collected for a combinational use of LCI and DEA data analyzed in [29] . The reader is referred to Mohammadi et al. [29] for the complete data. It is also noted that a rule of thumb by [38] is satisfied because the number of DMUs is over three times greater than the total number of input and output variables, although a large number of variables are utilized through the use of LCI data. 
Subsection Model (6) with δ = 1
First of all, base Model (6) is applied to this case study by assigning 1 to δ. As presented in Section 2.4, this setting makes Model (6) identical to the common model of [6, 20] . The efficiency scores by Model (6) with δ = 1 are presented in the second column of Table 3 . As shown in Table 3 , 57 out of 94 DMUs are reported as eco-efficient in this setting (δ = 1). From the decision maker's view, this figure may be regarded as unsatisfactory with respect to discriminatory power. As noted by [40] , the single input and output, possibly minor, can be overweighed as a whole for a certain DMU; accordingly it may not really reflect the model's performance. In this manner, DEA is more likely to produce such results since the unrestricted Model (6) identifies the efficient DMUs through the extremely optimistic schemes, even though the rule of thumb for the number of DMUs and variables is satisfied. Also, this model may look like it considers the relative importance of operational and environmental impacts due to δ in the normalization constraint. However, it does not appropriately consider the environmental impacts because no environmental stringency constraint is imposed, not only for a DMU o but also for other DMUs. Assume that the decision maker takes into account the business conditions such that both operational and environmental concerns are equally important. The stringency parameter may play a role in reflecting this condition to the DEA model by setting δ = 1. The model constrains the total weighted sum of operational and environmental inputs to be unity. Therefore, the weights v i and w k behave like homogeneous ones that constitute a single virtual input, without discriminating between operational and environmental inputs.
Operational Efficiency and Environmental Efficience
Operational efficiency and environmental efficiency are measured by Models (2) and (4), and these are presented in the third and the last column, respectively, in Table 3 . As shown in Table 3 , we see that 16 DMUs are operationally efficient and 34 DMUs are environmentally efficient. In the three-step methods, if a DMU is either operationally or environmentally efficient, it is identified as being eco-efficient. This characteristic is also criticized by [8] . However, eco-efficiency does not always pick the maximum value between the operational and environmental efficiency scores. Among efficient DMUs by Model (6), this feature is not applied to 12 DMUs (specifically DMU  6, 9, 10, 36, 44, 50, 67, 87, 88, 91, 93, and 94) . For example, DMU 6's eco-efficiency derived by Model (6) is neither operationally nor environmentally efficient (operational efficiency = 0.901, environmental efficiency = 0.772). We believe that this model is limited in measuring eco-efficiency appropriately because it provides misunderstandings, which stem from not being able to discriminate between operations-and environment-oriented processes and the eco-efficiency of DMUs. Specifically, for example, both DMU 20 and 21 are eco-efficient by the former model, but DMU 20 is more environment-oriented, while DMU 21 is more operations-oriented.
Eco-Efficiency
DEA is performed by adding Constraints (7) and (8) to Model (6) . The fourth to the tenth columns of Table 4 present the eco-efficiency as parameter δ changes. It also noted that the settings δ = 1/10 and δ = 10 describe the extremely operations-oriented and environmental-oriented business envirionment, thus these could hardly be regarded as eco-efficiency. However, in this case study, we utilize these settings for the purpose of comparison to operational and environmental efficiency. 57  16  16  22  30  35  40  35  34  34 As expected, eco-efficiency converges to the operational efficiency as δ decreases. On the contrary it converges to the environmental efficiency as δ increases. Accordingly, the results of these two extreme conditions are very similar to the operational or environmental efficiency. First, we set the parameter δ to be 1 for both conditions by adding Constraints (7) and (8) . Since both constraints share the equality condition although the directions are different, the two results provide the basis for deriving eco-efficiency from the conditions that reflects exactly same importance for operational and environmental concerns. As pointed out in Section 2.4, this condition is not realistic, but it is meaningful in that it provides the criterion for considering the different business environments. In this example, to incorporate the environmental stringency that reflects the equal importance of operational and environmental concerns, we use the average score of the models under Constraints (7) and (8) rather than using of Constraint (9) .
The figures in Table 3 show the changes of efficiency as the environmental stringency. Among 94 DMUs, the eco-efficiency scores of DMU 7, 28, 31, 32, and 34 are 1 regardless of the value of the stringency parameter. In other words, one can interpret that these five DMUs are efficiently operating under any business conditions. Furthermore, these DMUs are not only operationally efficient but also environmentally efficient. In addition, comparing the number of efficient DMUs by Model (6), the proposed method overcomes the poor discriminatory power, a commonly reported problem in DEA. The numbers of efficient DMUs for the various settings of δ are presented in the Table 4 .
As shown in Figure 2 , 11 DMUs (DMU 1, 11, 21, 35, 42, 65, 81, 83, 84, 89, 92) are operationally efficient but environmentally inefficient. Under Model (6) with δ = 1, all these DMUs are eco-efficient. However, the proposed method cannot carry out such a result because the environmental stringency is not identified. Therefore, in order to simluate the proposed method, we tried to derive the eco-effiency by changing the degree of environmental stringency. Figure 2 presents the changes of efficiency scores of 11 operationally efficient DMUs by changing δ from 1/10 to 10. From the results, we conclude that these 11 DMUs are eco-efficient when the operational concern is at least two times more important than the environmental concern. However, eco-efficiency scores are decreased as δ increases. In other words, eco-efficient DMUs in certain environments may not be eco-inefficient in other environments. Again, we highlight that five DMUs are eco-efficient regardless of the environmental stringency. Now, in order to evaluate DMUs under the specified business conditions, we assume that the decision maker specifies the value of the stringency parameter. Assume δ equals one. Then 35 DMUs are ecoefficient. Among them, 26 DMUs are either operationally efficient or environmentally efficient. However, there are four DMUs (DMU 9, 50, 67, 88), as shown in Figure 4 , which are neither operationally efficient nor environmental efficiency but are eco-efficient. Again, we highlight that five DMUs are eco-efficient regardless of the environmental stringency. Now, in order to evaluate DMUs under the specified business conditions, we assume that the decision maker specifies the value of the stringency parameter. Assume δ equals one. Then 35 DMUs are ecoefficient. Among them, 26 DMUs are either operationally efficient or environmentally efficient. However, there are four DMUs (DMU 9, 50, 67, 88), as shown in Figure 4 , which are neither operationally efficient nor environmental efficiency but are eco-efficient. Again, we highlight that five DMUs are eco-efficient regardless of the environmental stringency. Now, in order to evaluate DMUs under the specified business conditions, we assume that the decision maker specifies the value of the stringency parameter. Assume δ equals one. Then 35 DMUs are eco-efficient. Among them, 26 DMUs are either operationally efficient or environmentally efficient. However, there are four DMUs (DMU 9, 50, 67, 88), as shown in Figure 4 , which are neither operationally efficient nor environmental efficiency but are eco-efficient. Additionally, the eco-efficiency scores of some DMUs are not skewed towards either operationsoriented situations or environment-oriented situations. For example, DMU 9, 50, 67, and 88 are ecoefficient on the condition that equal importance is given to operational and environmental concerns. However, we should note that the scores of operational efficiency and/or environmental efficiency are not equal to 1. This result explains that some DMUs can be evaluated as being eco-efficient under a certain condition, even if they are not operationally efficient or environmentally efficient.
Conclusions
In this paper, we proposed a more concrete and flexible DEA method for evaluating eco-efficiency. By using the environmental stringency constraints, the proposed model allows users to evaluate DMUs' performance in accordance with their business conditions. We analyzed a case example to present the results by varying the value of the stringency parameter. Also, the results were compared with the results from Model B in [6, 20] .
The main contributions of this study are three-fold. Firstly, the proposed model provides the flexibility, as required by the pollution-intensity of industry, in that it allows the decision maker to appropriately evaluate a DMU's eco-efficiency depending on the business environment. This approach overcomes the disadvantage in the earlier studies, which provide eco-efficiency evaluation models without considering environmental stringency. Different environmental stringencies can successively be incorporated in DEA. Through the use of selective parametric restrictions, DEA can flexibly be applied to the eco-efficiency evaluation problem. Secondly, the proposed model provides clarification or a link between operational and environmental efficiency in a different way from previous eco-efficiency research. In the previous studies, a particular DMU is treated as being ecoefficient if it is either operationally or environmentally efficient. In other words, eco-efficiency is derived by picking a more favorable score between operational efficiency and environmental efficiency. However, the proposed method shows that this property cannot be applied when the environmental stringency is considered. Thirdly, the proposed method enhances the discriminant power. This contribution may seem relatively minor, but it is worth noticing that it can generate a Additionally, the eco-efficiency scores of some DMUs are not skewed towards either operations-oriented situations or environment-oriented situations. For example, DMU 9, 50, 67, and 88 are eco-efficient on the condition that equal importance is given to operational and environmental concerns. However, we should note that the scores of operational efficiency and/or environmental efficiency are not equal to 1. This result explains that some DMUs can be evaluated as being eco-efficient under a certain condition, even if they are not operationally efficient or environmentally efficient.
The main contributions of this study are three-fold. Firstly, the proposed model provides the flexibility, as required by the pollution-intensity of industry, in that it allows the decision maker to appropriately evaluate a DMU's eco-efficiency depending on the business environment. This approach overcomes the disadvantage in the earlier studies, which provide eco-efficiency evaluation models without considering environmental stringency. Different environmental stringencies can successively be incorporated in DEA. Through the use of selective parametric restrictions, DEA can flexibly be applied to the eco-efficiency evaluation problem. Secondly, the proposed model provides clarification or a link between operational and environmental efficiency in a different way from previous eco-efficiency research. In the previous studies, a particular DMU is treated as being eco-efficient if it is either operationally or environmentally efficient. In other words, eco-efficiency is derived by picking a more favorable score between operational efficiency and environmental efficiency. However, the proposed method shows that this property cannot be applied when the environmental stringency is considered. Thirdly, the proposed method enhances the discriminant power. This contribution may seem relatively minor, but it is worth noticing that it can generate a reasonable number of efficient DMUs and produce more realistic results in real-world applications because unconstrained weights on its inputs and outputs are usually unacceptable [41] .
Some of the further research opportunities are as follows. First, this study examines eco-efficiency by decomposing inputs into operational and environmental inputs. However, both undesirable outputs and undesirable inputs are considered as environmental inputs in the illustrative example, although environmental inputs are defined as undesirable outputs in the proposed model. Therefore, a technique for treating these two factors separately will be helpful for the input-output context. Second, the role of the stringency parameter described in the Section 2.4 provides some other ideas for future studies, particularly including possible extensions of our method to situations where equal importance between operational and environmental aspects exists. Finally, we can expect that much further improvement by a more detailed case study will enhance the practical use of DEA for eco-efficiency evaluation.
However, there are some limitations to the proposed model. First, the major limitation is the process of eco-efficiency approximation by taking an average of two scores when both operational and environmental concerns are equally important. Since incorporating equal importance between operational and environmental concerns is unrealistic when it applied to the evaluation model, it requires convincing ways of systematical improvement on a theoretical basis. Second, the proposed method only considers the evaluation problem, where all DMUs follow the same environmental stringency. Therefore, one should adopt a different approach if several DMUs belong to different business environments. This limitation also provides opportunities for further studies. The last limitation is the non-statistical property of DEA. Since efficiency scores are obtained by deterministic computation based on the data without statistical assumptions, the results are very sensitive to the data. This inherent weakness of DEA made it difficult to interpret the statistical reliability of the results. However, it is expected that statistical techniques such as bootstrapping can be better incorporated into a DEA-based eco-efficiency study.
